Sponsored search accounts for 40% of the total online advertising market. These ads appear as ordered lists along with the regular search results in search engine results pages. The conventional wisdom in the industry is that the top position is the most desirable position for advertisers. This has led to intense competition among advertisers to secure the top positions in the results pages.
Internet advertising spend is currently growing faster than any other form of advertising and is expected to grow from $16.4 billion in 2006 to $36.5 billion in 2011 (eMarketer). 40% of this ad spend occurs on sponsored search, where advertisers pay to appear alongside the regular search results of a search engine. Most search engines, including Google, Yahoo, and MSN, use auctions to sell their ad space inventory. In these auctions, advertisers submit bids on specific keywords based on their willingness to pay for a click from a consumer searching on that (or a closely related) keyword. Search engines use a combination of the submitted bid and past click performance to rank order the ads. Sponsored search is unique relative to offline advertising and other forms of online advertising because it is presumed to occur close to a user's purchase decision and is matched based on the user's stated information need (Hosanagar and Cherapanov 2008) . As a result, advertisers are spending a greater share of their advertising budgets on search engine marketing and are often engaged in intense bidding wars to win the top slots in the list of sponsored results (Target Marketing 2006; Wall Street Journal 2007) .
The rationale behind these bidding wars for top positions is that Click through Rates (CTR) typically decrease exponentially with ad position and thus the top few positions receive the majority of clicks. This thinking is well summarized by the following quote posted on a search engine forum: 1 
"I believe that people who think it's better to be anything other than #1 are just fooling themselves... The fact lies that you'll get 3 1/2 times more traffic being #1 as opposed to #2, and the numbers keep sliding from there."
Based on this conventional wisdom, most advertisers aggressively seek the topmost positions in their bidding, and Search Engine Marketing (SEM) firms that offer bidding services to advertisers often provide guarantees to clients of securing the top positions. However, there have been few formal studies of the impact of ad position on click through rates, conversion rates (i.e. the likelihood that a consumer will buy a product) and advertising costs.
2 Thus, the net impact of ad position on overall revenues and profits is not well understood.
In this paper we address this question by empirically analyzing how ad position in sponsored search impacts an advertiser's revenues and overall profits. We use a unique panel dataset from a Search Engine Marketing (SEM) firm that catalogs daily clicks, conversions, and cost data for multiple keywords sponsored by one of its clients. One of the challenges with sponsored search data is that clicks and conversions are sparse. In order to address this, we use a hierarchical Bayesian model to analyze the click and conversion probabilities in this environment while accounting for heterogeneity across keywords. Our findings suggest that, contrary to conventional wisdom, the topmost positions for keywords in our dataset are associated with lower revenues relative to lower (and less expensive) positions. Our results confirm that ad clickthrough rate decreases with position. However, we find that the conversion rate and revenue initially increase and then decrease with ad position for longer keyphrases. For shorter keyphrases, the revenue decreases with position. However, the costs are much higher in the top positions resulting in higher profits at lower position.
Our paper makes two main contributions. First, our paper provides key managerial insights for advertisers. A common assumption in the industry is that the value of a click from a sponsored search campaign is independent of the position of the advertisement. Our results indicate this is not true, and moreover that a click from an ad at the top position may have a 2 The term "conversion" is more commonly used than "purchase" because the definition of successful customer acquisition varies by firm. For example, for some firms, such as a free email service provider, the act of creating an account is referred to as a conversion, and is more meaningful metric of success than a purchase. In our analysis, conversion rate is the rate at which consumers buy after seeing an advertisement.
lower expected revenue as compared to a click from the same ad placed lower in the list of advertisements. As a result, we find that the top ad positions do not maximize advertiser revenues or profits in case of popular keywords, and thus advertisers should revisit the assumptions driving current bidding wars for the top ad positions.
Second, our results highlight potential inefficiencies in the rules commonly used in sponsored search auctions, and suggest the need for further investigation of these pricing mechanisms. Previous studies have evaluated sponsored search auction mechanisms using theoretical constructs (Chen and He, 2006; Edelman, Ostrovsky & Schwarz, 2007) and empirical analysis of the advertiser's bidding behavior . However, actual consumer behavior has rarely been studied. We use consumer choice models to evaluate revenue and profit differences across the different positions assigned in the auction. If advertisers with the best combination of bid and CTR are assigned the top position, but lower positions generate higher revenues, then current auction rules may well be doing these advertisers a disservice. Our results suggest that using CTR and other click-oriented measures alone to determine ad ordering may not be sufficient, and that more conversion-oriented metrics for ad ordering and pricing can help increase the efficiency of the market.
It is important to note that our study is conducted from the perspective of transactional revenue and profit. We do not consider non-transactional benefits, such as increased product or brand awareness in our analysis. However, while not fully discounting such possibilities, we note that surveys of online advertisers indicate that 99% of advertisers use search engine advertising to drive direct transactional benefits such as immediate sales or profits (Kitts et al. 2005) .
Furthermore, the prevailing wisdom in the industry does not reflect an appreciation of the variability of conversions by ad position. Thus, while we believe our results are applicable to a wide range of industries, our results will be less applicable in industries where the goal of the online advertisement is primarily to increase exposure, awareness, or branding.
We organize the rest of the article as follows. We begin with an explanation of the sponsored search market and describe prior academic work in this area. Next, we develop a model to measure the performance of sponsored search ads. Then we describe the data and the estimation approach. Thereafter, we discuss the empirical results. Finally we conclude the study, discuss limitations, and areas for future research.
BACKGROUND & LITERATURE REVIEW

Sponsored Search
When a consumer enters a search query, for example "Digital Camera," the search engine displays algorithmic (i.e. regular), and sponsored search results as shown in Figure 1 . The algorithmic results are determined based on their relevance to the query. The sponsored results are ranked based on continuous real-time auctions run by the search engines. Advertisers bid on sponsored search keywords of relevance to them. Upon receiving a query, the search engine identifies the advertisers bidding on closely related keywords, and uses data on bids and past click performance of ads to rank order the ads that appear in the list of sponsored results.
An advertiser pays the search engine only when the consumer clicks on the advertiser's ad.
The cost per click (CPC) is determined using a generalized second price auction mechanism; i.e. whenever a user clicks on an ad in position k, the advertiser pays an amount equal to the minimum bid needed to secure that position (Lahaie et al. 2007) . After clicking on the ad, the consumer is redirected to the advertiser's website, and then chooses whether to purchase a product or register for a service (which we define as conversions).
Figure 1: Search Results
The search engines provide daily reports to advertisers on the status of their campaigns.
These reports provide statistics on the number of impressions and clicks, and report the average position for each keyword in the advertiser's portfolio. The continuous nature of the auction allows an advertiser to change the portfolio of keywords as well as the bids, ad copies, and landing pages for each keyword in real-time. The bid submitted by the advertiser implicitly determines the target position for the ad. These decisions ultimately drive the advertiser's Return on Ad Spend (RoAS), a key metric used to evaluate return on investments in advertising. In our study, we focus on the impact of the advertisement's position in the list of sponsored search results on revenues and profitability for a given set of keywords. The advertisements and landing pages related to these keywords do not change over time for the advertiser under consideration.
Sponsored Search Results
Prior Work
The literature most relevant to our study includes past research on consumers' online search behavior, with a special emphasis on the impact of message order on consumer choice and the research focused on advertisers' performance in sponsored search markets.
Consumers' online search behavior: An important consideration in evaluating the performance of the sponsored search advertisements is the consumer response to the ad position, and the depth of consumer search. Prior work in traditional media has demonstrated that message ordering influences ad persuasion (Rhodes et al. 1973, Brunel and Nelson, 2003) . It is thus likely that ordering and position strongly influence the attention paid to a marketing message online.
Consistent with that, Hoque and Lohse (1999) find that consumers are more likely to choose advertisements near the beginning of an online directory as compared to paper directories. Prior studies have also shown that the depth of consumer search on the Internet is low. For example, Johnson et al. (2004) found that consumers searched fewer than two stores during a typical search session. Similarly, Brynjolfsson, Dick, and Smith (2006) find that only 9% of users of a shopbot select offers beyond the first page. Although recent studies suggest some increase in the number of stores evaluated (Zhang et al. 2007) , search depth still remains limited. Due to cognitive costs associated with evaluating alternatives, consumers often focus on a smaller set of results . Consumers may gain very little by adding additional items into their consideration set (Hauser and Wernerfelt, 1990) . Beardan, Rapport and Murphy (2006) find that in environments with sequential evaluation of choices and rank dependent payoffs, search is terminated too early. Additionally, the quality of the earlier choices is overestimated. A natural hypothesis in the case of sponsored search is that consumers focus on the top positions in the list of results. Feng et al. (2007) find evidence of an exponential decrease in the number of clicks for an ad with its rank, and attribute this to decay in user attention as one proceeds down a list.
Search behavior is also dictated by the consumer's purchase intent. Consumer search can be goal directed or exploratory (Janiszewski 1998) . Online consumers include both buying consumers and information seekers (Moe 2003 Montgomery, Li, Srinivasan, & Lietchy, 2004) . Consumers with high purchase intent tend to be very focused in their search, targeting a few products and categories versus consumers with low purchase intent, who have broad search patterns targeting a higher variety of products (Moe 2003) . A similar pattern can be expected in sponsored search i.e. consumers may be heterogeneous in terms of their purchase intent and resulting search behavior.
Search engines can also be viewed as tools that aid consumer decision-making. Haubl and
Trifts (2000) find that the use of decision aids reduces the size of consumers' consideration set but improves the quality of their consideration sets and the quality of purchase decisions in the online shopping environment. However, the sponsored search advertisements reveal only limited information, and the products can be evaluated only after clicking the ads and visiting the advertiser's website. Previous studies show that consumers tend to de-emphasize the prescreening information in their search process (Diel, Kornish and Lynch, 2003; Chakravarti et. al 2006) . This suggests that the criteria used for selecting an ad to click may not have an effect on the final conversion as compared to the information obtained after visiting the associated website. Thus, the overall impact of rank ordering of sponsored search ads on the purchase decisions is not clear. These results justify the decay in the bids with position based on the assumption that the revenue will indeed decay with position. However, it is not clear whether this will be the case when the consumers are uncertain about the quality of the underlying products. Due to the uncertainty, consumers may evaluate more than one advertisement. In that case consumers have to compare products across multiple advertisements and may have to revisit previously evaluated products incurring additional browsing costs.
There has also been recent work on optimal bidding strategies of advertisers (Hosanagar and Cherapanov 2008; Borgs et al. 2007; Feldman et al. 2007; Cary et al. 2007) . These papers present optimization models to compute the bids for all keywords in an advertiser's portfolio in order to maximize advertiser profits subject to a budget constraint. The models capture the notion that a high bid ensures a top position and therefore generates a large volume of clicks, but correspondingly incurs a high cost per click. However, none of these papers have explicitly studied the impact of ad position on advertiser revenues and profitability. These papers have mainly focused on optimal budget allocation among a large set of heterogeneous keywords.
Furthermore, all these papers assume that every click for a keyword is worth the same regardless of the ad's position. As we find in our dataset, this ignores a crucial dependence between ad position and conversion rates.
Another area of focus has been the evaluation of the sponsored search auction design and its impact on the advertisers' bidding strategies. Edelman et al. (2005) and Varian (2006) compute the equilibria of the generalized second price sponsored search auction and demonstrate that the auction, unlike the Vickrey-Clarke-Groves (VCG) mechanism, is not incentive compatible. Thus, advertisers will bid strategically in these auctions. examine data on paid search auctions and find evidence of strategic bidder behavior. Feng et al. (2007) and Weber and Zhang (2007) compare the performance of various ad ranking mechanisms. They find that a yield-optimized auction, with ranking based on a combination of the submitted bid and ad relevance, provides the highest revenue to the search engine. Some studies have also focused on the quality ordering of advertisements. Chen and He (2006) show that when advertisers are positions. An implicit assumption in all these papers is that the higher rank is more valuable for the advertisers.
Finally, recent empirical studies have modeled consumer choice in sponsored search. Rutz and Bucklin (2007) show that keyword characteristics are important for determining conversion performance. Using an aggregated dataset, Ghose and Yang (2007) also model clicks and conversions and show that firms use data on past performance to improve their future performance. They also run policy simulations to determine the optimal bid prices. Goldfarb and Tucker (2007) show that when there is significant match difficulty between consumers and advertisers, advertisers are likely to bid higher. Misra and Pinker (2006) find that ad position has a higher impact on click through rate at Google as compared to Yahoo. However, none of these studies focus on the bid efficiency of position or how ad position influences the profitability of sponsored search advertising.
Thus, the prior literature reveals two themes. First, the literature on consumer search behavior suggests that ad position is likely to influence consumer response. Second, recent work in sponsored search confirms that clicks decay with ad position, but indicates that so do costs.
Thus, the net effect on profits is not easily predictable. Moreover, the impact of position on purchase likelihood or conversion rate is unknown. Thus, the net impact of position on both revenues and profitability is an open and managerially significant research question.
MODEL
Consider an advertiser placing bids for a keyword in order to ensure its ads are visible in the list of sponsored results for a query related to that keyword. Our interest is in determining the impact of the ad's position, n, on the advertiser's expected profit , where is given by (1) and where I is the expected number of ad impressions. CTR(n) is the click through rate, or the fraction of ad impressions that generate clicks (given n). CVI(n) is the conversion rate per impression, or the fraction of impressions that generate conversions (e.g. purchases) 3 . RPC is the average revenue per conversion. Finally, CPC(n) is the average cost per click charged to an 3 Alternatively, conversions can be modeled as a two step process: consumers first click an ad and then buy a product. We have also estimated our model using this two step approach and get the same qualitative results.
advertiser that is assigned position n. We assume that the number of impressions is independent of the position of the advertisements.
A common challenge encountered in this environment is that many keywords do not get any clicks for several days. Thus the clicks and conversions data for individual keywords are sparse.
Further, there is considerable heterogeneity across the keywords as the competing advertisers and the corresponding ads may be different for different keywords. In order to overcome this problem of data sparseness and keyword heterogeneity, we use a Hierarchical Bayesian model (HB Model), to pool observations across keywords sharing similar characteristics. This provides a flexible random component specification that allows us to incorporate both observable and unobservable keyword-specific heterogeneity. Hierarchical models are commonly used to draw inferences on individual level characteristics from sparse datasets (Rossi & Allenby, 2003) , and HB models have recently been applied to study sponsored search data (Rutz and Bucklin, 2007; Ghose and Yang, 2007) .
A common concern for demand specification in brand choice models is the endogeneity of some of the independent variables such as price (Villas-Boas and Winer, 1999) . This endogeneity can arise due to both consumers and advertisers. Consumers may demonstrate strategic behavior when they engage in repeat purchases. A key difference, however, in our setting is that consumers are not buying products in our sample very often. Additionally, consumers can use different sets of keywords to meet their search goals. The information processing costs are high in an online setting and consumers are unlikely to remember the relative positions of the ads even if they repeat the search for a keyword. As a consequence,
consumers are unlikely to demonstrate any strategic behavior in terms of position-based choices.
Further any demand shocks are unlikely to change the relative ordering of the advertisements.
Another possible source of endogeneity is that the advertiser has selected its bid based on the click and conversion performance of the keywords. Further search engines take into account the bids of all the advertisers along with their past performance to determine their position in the sponsored search slots. To address this concern, we use a recursive system of equations to account for the bid and the corresponding ad positions. To further address potential endogeneity due to advertiser behavior, we conducted separate experiments wherein the bids for ten keywords were randomly selected within a lower and upper bound. Although the coefficients estimated from the random bids vary, our results are directionally consistent in this smaller sample of keywords. These results are described in the Appendix A2. Because the scope of the experiment was limited to 10 keywords, our main analysis and results are based on the full sample.
Conversion Rate per Impression (CVI)
An important consideration for purchase is the relevance, or quality of the product associated with the advertisement. Consumers may form an expectation that the advertisements are arranged in a decreasing order of relevance or quality. This is potentially more likely in the sponsored search environment, where the consumers are used to the relevance-based ordering of non-sponsored search results. Conversion rates may reflect these differences in relevance.
Alternatively, they may reflect differences in the types of customers that click on ads at top positions relative to those that click lower ranked ads. Consumer choice to buy a product by clicking an ad and then purchasing can be modeled using a latent utility model for conversion.
For a keyword k at time t, this latent utility can be expressed as represents keyword specific characteristics; which in our case is the number of words in the keyphrase, labeled "length". For example, keyword 'pants' has a length of one, whereas the keyword 'brown casual pants' has a length of three. A high value of "length" generally indicates that the keyword is more specific. 4 Keywords can be further characterized in terms of the product category, product popularity, and other features. However, studying the effect of these characteristics is not the focus of this research paper. We use a constant term to capture the net effect of these other characteristics.
is a matrix which captures the relationship between the keyword characteristics and the mean values of the coefficients.
represents the unobservable heterogeneity for each keyword, which we assume is normally distributed with a mean 0 and covariance matrix
We assume that are i.i.d with an extreme value distribution. Correspondingly, we use a logit model to represent the conversion probability for a keyword k at time t as follows 
The resulting likelihood function for clicks for K keywords over T periods is Similar models have been used by Misra et al. (2006) and Rutz and Bucklin (2006) to model clicks and conversions respectively as a function of ad attributes.
Advertiser's Bid
The advertiser can potentially change the bid for each keyword in its portfolio on a continuous basis. This decision is typically based on the past performance and future expected performance for each keyword. Thus we model the advertiser's bid for each keyword on any day as a function of the past CTR, CVI and profit for different positions. We measure past performance in terms of the performance over the previous seven days. 5 We use the following reduced form equation to represent the bid for a keyword in the current period
where the covariates are as follows:
"#$ !Q )) >2 is the average position for keyword k for the past seven days, !Q )) >2 is the average CTR for keyword k for the past seven days, !Q )) >2 is the average CVI for keyword k for the past seven days, R#S M T !Q )) >2 is the average profit generated for keyword k in the past seven days, & ' is an indicator function to control for the month, and a constant term.
Ad Position
The position of an advertisement for a keyword is based on the product of the current bid and the past performance (also known as quality score) of the advertisement 7 . Search engines typically use past click through rate as a measure of performance as they cannot directly observe conversions and do not typically receive this information from the advertisers. Top positions are more likely to have a higher click through rate irrespective of the type of advertiser due to the 5 The decision to use past seven days of data as a measure of past performance was based on a bidding strategy described to us by the advertiser that provided us data and by the search engine marketing firm that bids on behalf of this and other advertisers 6 We use a log normal representation as the bids are non negative 7 Search engines also use other factors such as design of the advertisement, landing page, etc. However, CTR is the primary input for the quality score sequential search by the consumers. In order to account for this, the performance is normalized for the position. As a result, an ad appearing in a lower position can be considered a better performer than a higher position ad even if its absolute CTR is lower as long as its position adjusted CTR is higher than that of the higher ranked ad. Past position also serves as a proxy for the intensity of the competition. Search engines use the most recent CTR information to determine the performance. Accordingly, we use the average CTR for the past week. We use the following reduced form equation to represent the ad position determined by the search engine for a keyword in the current period:
WM N is the bid in the current period "#$ !Q )) >2 is the average position for keyword k for the past seven days, !Q )) >2 is the average CTR for keyword k for the past seven days, & ' is an indicator function to control for the month, & a constant term.
In order to account for the correlation between the error terms for click-through rate, conversion rate, bid and position we use the following distribution
^a`^a a b
We draw from the approach for linear hierarchical models (see Greg & Allenby, 2005 , p 71) to estimate the above equations as a recursive system. A similar approach has been adopted by Ghose & Yang (2007) .
DATA & ESTIMATION
Our dataset is provided by a Search Engine Marketing firm that manages the sponsored search (2006) showed that 81% of consumers do not search beyond the first two pages of search results. Because of this, we limit our analysis to those observations with an average position less than or equal to 10. This corresponds to the listings on the first page, and allows us to remove outliers from our dataset.
Further, since we wish to focus on the profitability of ads as a function of position, we are interested in only those advertisements that have to compete for these positions. These are associated with keywords that are popular among multiple advertisers. To focus our attention on "competitive" keywords we eliminate any keywords that are store-brand specific, keywords that have fewer than 10 clicks over the entire study period, and any keywords with an average CPC of less than $0.30. We eliminate store brand specific keywords because, as an example, the keyword 'lane bryant dresses' is less likely to result in competitive bids than the keyword 'dresses.' The CPC restriction of $0.30 was chosen based on Ganchev et al. (2007) who show that cost per click decays exponentially with the number of bidders. Using their decay factor we determine that the average CPC for the 10 th position for our dataset should be 32 cents. 9 . We note that our qualitative results are not sensitive to relaxing the criteria for clicks and CPC mentioned above.
However, the magnitude of the coefficients are smaller due to the fact that the extended dataset includes keywords for which only a few competing advertisements appear, as compared to the larger number of competitors for competitive keywords. Summary statistics for our final sample are given in Table 1 .
The position reported for any keyword is the average position on a given day. The position usually varies within a day because advertisers may choose a "broad match" for their keywords meaning that the ad is shown if a consumer enters a broadly related keyword. For example, the ad for keyword "dress" maybe shown if the consumer types "red dress" or "green dress". The competitors and their bids may be different for these two queries causing the position to vary. On the other hand, an "exact match" (ad is shown only if the query is exactly the same) fixes the competitors rather than letting it vary based on consumer query. Our result holds for the subset 9 We have separately verified that our final set of keywords do generate sufficient number of advertisements.
of keywords with "exact match" option selected as well. Another reason for the position to vary is that competitors may change their bids multiple times within a day. While firms change bid periodically, typically weekly and sometimes even daily, we do not find significant intra-day variation in ad position for keywords with exact match.
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Estimation Method
We estimate the model using a Bayesian approach, applying Markov chain Monte Carlo sampling due to the non-linear characteristics of our model (Rossi & Allenby, 2005) . In order to ensure that our parameter estimates are accurate we have simulated the clicks, conversions, bids and positions using our estimates. By repeating the estimation with this simulated dataset we were able to recover our parameter estimates. This indicates our parameters are fully identified. 10 We have separately verified this for a select set of keywords with exact match by monitoring the relative ad positions across multiple queries in a day. We also observe that the keyphrase length has a significant impact on CTR and CVI. 
RESULTS
CTR & CVI
Advertiser's Bid and Ad Position
Advertiser's Bid: Table 3 provides the mean values for the posterior distribution of the matrix from equation 8. We can see that all the coefficients are significant. However, the magnitude of coefficient for CTR is highest, indicating that the advertiser places emphasis on the past click through rate in deciding the current bids. This is reasonable as it is very difficult to measure the conversion performance due to the sparse nature of the observed data. Ad position: Table 4 provides the mean values for the posterior distribution of the matrix from equation 9. Higher bids lead to higher current position. Similarly higher CTR leads to higher current position. This is reasonable as both bids and CTR are the primary inputs used to compute the ad rank. The past position should moderate the effect of CTR i.e. same CTR at lower past position should lead to higher current position. However, we observe that the current position is positively correlated with the past position. This is because the past position also serves as a proxy for advertiser's performance relative to other advertisers. For a given bid, a lower past position indicates that there are more competitors with a higher performance and as a result, the ad for the keyword is more likely to get a lower current position. .
Finally, Table 5 shows unobserved covariance between the conversions, clicks, bids and ad positions. Covariance between the unobservables for CVI and CTR is significant. We can also see that the covariance between the unobservables for CVI and other measures is not statistically significant. However, covariance between the unobservables for CTR and bids is statistically significant. This again establishes that the advertiser is not placing much value on the conversions in deciding its bids. One can expect a similar behavior from other advertisers.
Similarly, the ranking by search engine is related to the unobservables for bids only. As a consequence, the position determined by the search engine based on the bids of the advertisers has little influence on the actual conversion rate per impression.
Performance as a function of position
Cost: In order to assess the impact of ad position on profitability, we need to know the impact of position on the cost of the keywords. We know that CPC should decrease with position due the generalized second price auction mechanism. Therefore it follows immediately from Figure 2 that the top position is not the most profitable for longer keyphrases.
The practitioner and academic literature have established that CPC decays exponentially with position. In order to determine the true cost behavior in these auctions we need information about the competing bids for each keyword k at time t. However, as mentioned above, this information is not available to the advertisers. Additionally, for a given keyword advertisers change their bids over time. As a consequence, the cost for a keyword can change with time for the same position.
We use the relationship between the search engine rank and the advertiser's bid (equation 9) to determine the cost. As mentioned earlier, the past performance (position adjusted CTR) serves as a proxy for the competition and we can expect different cost curves depending on the past position of the advertiser. For example, a past position of one would indicate that the advertiser is not facing too much competition, can bid a low amount and still retain its position. For a given bid and position j, we assume that the actual cost per click (CPC) is the bid for the position j+1. (table 2) . Using the above method to determine the cost, we can calculate the expected profit using equation 1 and the mean values from tables 2 & 4. We assume that cost is the amount required to maintain the current position. Our results are graphed in Figure 3 using a value of $75 (average value of goods sold in our sample) for each unit of the advertised good sold, and with 10,000 impressions. We find that for our advertiser, lower ad positions generate higher revenue for longer keyphrases due to non-monotonic conversion rate.
Thus, our results show that while click through rate for ads decreases with position, conversion rate as well as revenue demonstrate non-monotonic behavior (i.e. both the conversion rate and the revenue increase for the first few positions and then decrease) for longer keyphrases.
Conventional wisdom suggests that with sequential evaluation, items shown earlier on would be considered by a larger proportion of consumers and would have a higher demand. Although the decrease in CTR with position is consistent with that view, the non-monotonicity in revenue is counter to this view.
As a consequence, lower ad positions are often more profitable than the top positions for longer keyphrases. This is true even for shorter length keyphrases which always have a decreasing conversion rate with position. This is because the cost is decaying at a faster rate as compared to the conversion rate. There has been some evidence (Kitts & Leblanc, 2004 ) that the bid efficiency is not the highest for the top position. However, to the best of our knowledge, our study is the first one to rigorously prove that this indeed is the case. For longer keyphrases with non-monotonic conversion rates, the profit curves are shifted further to the right due to the declining costs with position.
DISCUSSION & CONCLUSION
In this paper, we analyze the impact of position on the revenues and profitability of sponsored search advertisements that appear alongside regular algorithmic search results in search engines.
A widely held belief in the industry is that the higher the ad placement the better the performance. Most of these observations are based primarily on an observed exponential decay in the click through rate (CTR) of the advertisements as a function of their position as opposed to a more careful analysis of conversions and revenues.
We analyze the impact of position on ad profitability using a unique dataset obtained from a Search Engine Marketing (SEM) firm. This dataset documents the daily clicks, conversions, and costs for a campaign sponsored by one of the firm's clients. Consistent with the prior literature, our study confirms that CTR decreases rapidly with the rank of the ad. However, for advertisers interested in maximizing revenues or profit (as opposed to exposure benefit), this only tells part of the story. Our results also show that an advertisement's revenue initially increases with position for longer keyphrases. As the ranking mechanism used by the search engines does not account for conversion rate, ads placed in the top position do not always maximize revenues. We also show that even for keyphrases where the conversion rate decreases with the ad position, the top position may not be profit maximizing due to a higher rate of decrease in cost with position.
These findings are important to the industry as advertisers are currently engaged in intense bidding wars to secure the top positions in sponsored search results. Our results suggest that these bidding strategies may be based on faulty assumptions about the relationship between click-through rate, cost per click, and conversion probability as a function of position. Our results suggest that, at present, advertisers seeking to maximize transactional benefits are often better off in the short term by placing less weight on obtaining top positions. It is important to note that this is not an equilibrium argument and the strategy will not work if all advertisers follow the same approach in the long run. However, it does emphasize the importance of tracking conversions.
Our study also sheds light on consumer behavior in sponsored search environments. It is clear that click through rates at top positions are considerably higher than those at lower positions. This suggests that most consumers conduct limited search and have small consideration sets. We also find that both conversion rate and revenues first increase and then decrease with ad position for longer keyphrases. The initial increase with position suggests that consumers with higher purchase intent may be evaluating at least a few positions before making their purchase decisions. A subsequent decrease in the conversation rate and revenues at lower positions similarly suggests that consumers with high purchase intent stop their product search after the first few slots and only consumers seeking information may be clicking the advertisements at these lower positions. If this is the case, then placing ads at intermediate positions may be an effective way to reach buying consumers without paying more for the top positions.
Finally, our study points to potential inefficiencies in the auction mechanisms used by popular search engines. If advertisers with the best combination of bid and CTR are assigned the top position and lower positions generate higher revenues then this may well be doing them a disservice. One alternative approach available to search engines is to invest in technologies to track consumer action post-click and to charge advertisers per conversion (also known as Pay Per Action or PPA auctions). PPA auctions are currently being tested by several search engines.
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As with any empirical analysis there are several limitations of our study. Our analysis is based on data from one industry. It would be useful for future studies to examine other industry verticals. A further limitation is that, lacking appropriate data, we were forced to use only the advertiser specific information to determine the cost decay. This is because sponsored search auctions are now implemented as closed auctions and the true cost of securing other positions is not known. Access to bid data from other advertisers can help increase the accuracy of our findings. However, we do not expect the direction of findings to reverse with such analysis. This is because we observed an inverse U-shaped relationship between revenues and ad position for longer keyphrases. Given that average CPC associated with top positions is greater than that with lower positions, by definition, the inverse-U relationship will only be strengthened when analyzing profits. Similarly, while our results explain the impact of position on click-through rate, conversion rate, and revenue for the buying consumers, the aggregate nature of our data limits our ability to account for the actions of individual consumers. This calls for future research using click stream data to empirically evaluate the behavior of different types of consumers in sponsored search.
An additional limitation is that our analysis of conversions is based on measurements conducted by the SEM firm wherein consumer action is tracked during the entire search session. This is potentially problematic because, consumers may click on an ad, visit the advertiser's landing page without converting but return on a later day (even using a different search engine query) to then buy the product. In these instances, the future purchases are not properly attributed to the original keyword. There can also be a spillover effect of competitive keywords on the branded keywords i.e. the consumers may engage in the search using more popular keywords and then buy the product at a later point in time using a branded keyword that will show them the relevant brand site (Rutz and Bucklin, 2007) . Future research should measure these effects as a function of position. Finally, our analysis has only focused on transactional benefits from advertising. We believe this is a reasonable approach in our data setting. However in other settings, non-transactional benefits such as branding and awareness may be more important to advertisers. Analysis of sponsored search strategies in such settings would be a fruitful area for future research. 
Technical Appendix A2
In order to determine the impact of endogeneity on the parameter estimates due to strategic advertiser behavior, we conducted an experiment in which we changed the bids of ten keywords randomly on a weekly basis for a period of two months 13 . By randomizing the bids, we eliminate the potential endogeneity in advertiser bidding strategy. We compared the estimates obtained from this sample with those obtained from another two month sample with advertiser-selected bids for the same set of keywords. The second sample is based on the two month period preceding the experiment. 
Click through rate (CTR) Conversion rate (CVI)
We estimate the parameters for the click through rate (CTR) and conversion rate per impression (CVI) using the Hierarchical Bayesian model described in the main paper. The 13 This experiment was conducted for a different advertiser that sells collectibles. The keywords in the advertiser's campaign also demonstrate a similar effect of ad position on performance as that described in the main paper. The ten keywords for the experiment were identified in consultation with the firm. We selected popular keywords for which the advertiser has to compete for position and that do not contain the firm's brand name. selected keywords have the same length. As a result, only constant term is used in the z matrix and keyword specific heterogeneity is captured using the random coefficient. Comparing the estimates ( Table 5 ) we find that the impact of position on CTR and CVI is directionally similar for both type of bids. i.e. CTR decays with position whereas CVI first increases with position and then decreases.
Regular Bids Random Bids
Const
Using the parameter estimates, we verified that the revenue is also non-monotonic with position in both datasets. Thus although our parameter estimates change under random bidding, our results are qualitatively similar.
